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ABSTRACT
Snow cover is an important variable in both climatological and hydrological studies
because of its relationship to environmental energy and mass flux. However, variability in snow
cover can confound satellite-based efforts to monitor vegetation phenology.
This research explores the utility of the PhenoCam network cameras to estimate Fractional
Snow Cover (FSC) in grassland. The goal is to operationalize FSC estimates from PhenoCams to
inform and improve satellite-based determination of phenological metrics.
The study site is the Oakville Prairie Biological Field Station, located near Grand Forks,
North Dakota. I developed a mostly semi-automated process to estimate FSC from PhenoCam
images through Python coding. Compared with previous research, which make use of RGB
images only, the use of the monochrome RGB + NIR (near-infrared) channel reduced pixel
misclassification and increased accuracy. The results have an average RMSE of 7.67 compared to
visual estimates. This is a promising outcome, although not every PhenoCam system has NIR
capability.

xi

CHAPTER I
INTRODUCTION
Phenology is the science of recording natural events to monitor changes in seasonal and
annual cycles of plants and animals. The changes can be in genetic composition, behavior or
appearance (Leopold and Jones 1947; Glynn and Owen 2015). Furthermore, according to the
Intergovernmental Panel on Climate Change (IPCC), phenology is the easiest way to track changes
in the ecology of species in response to climate change (Parry et al. 2007). Researchers use
different indexes such as the Normalized Difference Vegetation Index (NDVI), the Enhanced
Vegetation Index (EVI) and the Green Chromatic Coordinate (GCC) to track vegetation phenology
and to quantify and monitor plant stages and plant responses to climate.
Remote sensing is the tool that has allowed us to monitor vegetation phenology and other
changes on the Earth’s surface, especially in difficult-to-access locations. In addition, its low or
free cost and ease of use make remote sensing a powerful tool for land-cover mapping and
environmental monitoring (Zhang et al. 2003). Currently, the National Aeronautics and Space
Administration (NASA) and the European Space Agency (ESA) monitor the Earth’s surface and
atmosphere with their satellites and sensors (NASA 2020; ESA 2020).
Some problems regarding satellite remote sensing images are related to their generally
coarse spatial and temporal resolutions relative to resolutions required to accurately monitor the
timing of specific phenological events like flowering. Also, monitoring grasslands from satellite
sensors requires a detailed temporal analysis because this land cover has high phenological

1

variability. Other issues are data contamination because of cloud presence and, depending on the
canopy background, additional information is needed to yield accurate measurements (Reed et al.
1994). Ground reference data are needed to validate and support the interpretation of the satellite
images (Seidel and Martinec 2004).
The presence of snow affects the EVI by decreasing the values from the true vegetation
signal (Huete et al. 2002; Zhang et al. 2004; Zhang, Friedl and Schaaf 2006). In boreal ecosystems
these problems can be corrected by removing the effect of snow and getting the same values for
vegetation as those observed in field (Delbart et al. 2006). Other issues from satellite images
include the snow cover underestimated after processing satellite images (Shreve, Okin and Painter
2009). In addition, snow presence affects the near-surface remote sensing GCC parameter; when
snow starts melting there is an increase in the GCC but this is not related to vegetation
(Seyednasrollah et al. 2019).
Seasonal snow cover in the prairie creates challenges for accurate grassland phenology
monitoring. Furthermore, seasonal snow cover because of its variation over time is considered an
important land cover class. Also, depending on its extension, it has an important role in
management of natural resources (Salvatori et al. 2011), is a dominant parameter for the NDVI
controlling times and magnitudes (Buss-Hinkler et al. 2006) and, more importantly, the meltwater
produced during the season is directly proportional to the snow cover extension (Seidel and
Martinec 2004).
Previously, Fractional Snow Cover (FSC) has been calculated in mountainous regions and
forest using fixed cameras. In this study, the FSC was estimated using PhenoCam images from
the University of North Dakota Oakville Prairie Biological Field Station near Grand Forks, ND.
Specifically, this research answered the following questions: 1) can PhenoCam images be used to
2

estimate the FSC in a semi-automatic way?; 2) does the fourth spectral band (near-infrared)
available in the PhenoCam image improve the estimation?; and 3) during the last five winters,
2015-2016 to 2019-2020, how has the timing of FSC varied at the Oakville Prairie?
Knowing the FSC from the PhenoCam early and late in the growing season provides
important field reference data that can assist with satellite validation of important dates in
grassland phenology. From satellites, despite the image resolution, issues generated by clouds and
their shadows can cause an underestimation of snow cover. Also, PhenoCam data can improve the
analysis of NDVI and EVI in grasslands. Furthermore, it is important to monitor snow cover to
forecast conditions that may result in spring flooding, which are frequent in the study area. Finally,
annual monitoring of seasonal snow cover can reveal information about weather patterns and
anomalies in the region and how they change over time.
.
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CHAPTER II
STUDY AREA
Grand Forks, one of 53 counties in North Dakota, is part of the Northern Great Plains
region and shares the U.S. portion of the Red River Valley of the North with Minnesota (Fig. 1).
The Oakville Prairie Biological Field Station (Oakville) is an important area for research located
19 kilometers west of Grand Forks (Redmann 1972). Oakville improves our understanding of the
ecology of the Northern Plains in its 960 acres of tallgrass prairie and alkaline soils uncultivated
since 1943 and allows students from the University of North Dakota to learn about grassland
ecology through field work (Redmann 1972; Rundquist and Vandeberg 2013).
Oakville hosts one of the near-surface cameras of the PhenoCam Network (Dodds 2015).
The PhenoCam Network uses these remote sensors for monitoring phenology variations in
different parts of the world, but mostly in the U.S., at a low cost and with minimum human
intervention. These images are continuous in time and do not need to be corrected for atmospheric
effects (PhenoCam 2020).
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North Dakota

Grand Forks County

Figure 1. Area of study. Grand Forks County, North Dakota. Red areas are towns and cities, blue dot shows
PhenoCam at Oakville location (Data Source: SRTM elevation).
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According to the Köppen-Geger climate classification updated by Kottek et al. (2006),
North Dakota climate is classified as Snow climate (D) fully humid (f) with warm summer (b).
The third criteria is based on the number of summer months warmer than 10 °C.
Grand Forks’ coldest month is January, warmest is July and receives snow from October
to May (Table 1). Also, snowfall is highly variable among years but exhibits an average trend of
increasing amounts (Fig. 2).
Table 1. Average daily climate in Grand Forks by month (Data source: NOAA, 2019).
CLIMATE (1949 - 2019)
JAN

FEB

MAR

APR

MAY

JUN

JUL

AUG

SEP

OCT

NOV

DEC

Snowfall (cm)

7.8

5.3

6.0

2.4

0.2

0.0

0.0

0.0

0.0

0.9

5.2

7.9

T max (℃)

-9.9

-6.7

0.5

11.0

19.7

24.6

27.5

26.8

20.8

12.9

1.7

-6.7

T min (℃)

-20.3

-17.5

-9.6

-0.7

5.6

11.4

13.8

12.5

7.2

0.8

-7.6

-15.4

Figure 2. Average annual snowfall in Grand Forks by water year (Data source: NOAA, 2019).
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Other important weather events in Grand Forks are blizzards, defined as storms with wind
speeds equal to or higher than 15.6 m/s (National Weather Service 2019). During a period of 39
years (1979-2018), a total of 100 blizzards were reported at the Grand Forks National Weather
Service Forecast Office (Kennedy et al. 2019). According to Schwartz and Schmidlin (2002), the
probability of a blizzard occurring annually in North Dakota is more than 50% or at least one event
every other year. Specifically across the Red River Valley, the probability increases to 61.6% to
76.4%, the highest in the U.S. (Coleman and Schwartz 2017).
Strong winds also cause irregular formations in the snow known as sastrugi (Fig. 3). The
formation follows the wind direction and is found in flat areas. Usually, they are 1 to 2 meters long
and 10 to 15 cm in height (Mellor 1965). These formations reduce overall snow albedo (Leroux
and Fily 1998).

Figure 3. Sastrugi at Oakville Prairie (6 January 2020). Darker areas have low reflectance
values.
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CHAPTER III
LITERATURE REVIEW
3.1 Grasslands
The United Nations Educational, Scientific and Cultural Organization defines grassland as
“land covered with herbaceous plants with less than 10% tree and shrub cover” (UNESCO 1973).
In 2017, in the U.S., there were an estimated 2.91 million km2 of grassland distributed across the
country (Fig. 4). The U.S. is the country with the second largest area of grassland after China
(FAOSTAT 2020) and sinking 13 teragrams of carbon (Tg C) annually (Hayes 2012). According
to Hufkens et al. (2016), grasslands in North America are projected to increase by 18% in fcover1
by 2100.
Grasslands show highly dynamic growth that can vary over time and be affected by
external factors (Ali et al. 2016). Grasslands respond quickly in greening and physiological activity
in response to climate drivers, especially precipitation and water availability (Migliavacca et al.
2011; Flanagan 2009) and less likely temperature (Rundquist and Harrington 2000). Grassland
productivity in the Great Plains is controlled by summer and spring precipitation (Yang et al. 1998)

1

Proportion of ground area covered by green foliage
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Figure 4. Grasslands distribution in North America (Data source: Multi-resolution Land
Characteristics).

Satellite remote sensing is well-suited to monitor grassland phenology by collecting
spectral responses that can be converted to NDVI and other vegetation indices and relating them
to phenological parameters such as beginning of the growing season (Reed et al. 1994; Reed,
Loveland and Tieszen, 1996). Fig. 5 shows some of the values that can be measured from satellite
remote sensing like Maximum NDVI, rate of green-up for grasslands.

9

Figure 5. Grasslands phenology based on NDVI values (Source: Tieszen et al. 1997).

3.2 Near surface remote sensors
PhenoCams are near-surface web cams fixed to structures taking pictures frequently to
monitor and quantify land surface (Richardson, Klosterman and Toomey 2013). Ali et al. (2016)
highlighted that fixed cameras are economically accessible but their use is limited to their specific
location. Yet, there are 393 cameras located across the U.S. as part of the PhenoCam Network
(Seyednasrollah et al. 2019).
The aim of the network is to monitor plant cover phenology and understand climate
changes and its effects in vegetation, especially in under-represented ecosystems (Richardson et
al. 2013; Richardson et al. 2018).

Richardson (2019) emphasizes four applications of the

PhenoCams: analyze individual species, monitor during long periods, evaluate different
geographical scales and use different treatments.
10

Imagery from the PhenoCam network had been used to find seasonal patterns of green-up
and senescence in deciduous and coniferous forest (Richardson et al. 2009) and to study
relationships between Sugar Maple, American Beech and Yellow Birch phenology and spring
temperatures in the northwestern U.S. (Keenan, Richardson and Hufkens 2020).
Furthermore, near-surface remote sensing images showed good results monitoring
grassland development and phenology. The adequate temporal and spatial resolution of the
PhenoCams allowed the study of this highly variable land cover, such as relating productivity
variations with fluctuations in rain and temperature (Migliavacca et al. 2011; Hufkens et al. 2016).
Moreover, the data from PhenoCams can be used as ground truth to validate satellite remote
sensing (Reed, Schwartz and Xiao 2009; Zhou et al. 2019). Specially for quantification of
grassland properties (Gao 2006) and to reduce the gap between satellite and ground observations
(Brown et al. 2016; Browning et al. 2017).

3.3 Fractional Snow Cover
Temporal and spatial variability in seasonal snow cover is an important variable in both
climatological and hydrological studies because of its relationship to environmental energy and
mass flux. Dye (2002) found that in the Northern Hemisphere there is a trend of earlier snow cover
disappearance of 3-5 days/decade. Furthermore, in the U.S. during the period of 1981 to 2010 there
was a reduction of snow cover days and annual snowfall (Durre et al. 2013). Monitoring snow
cover gains more importance in hydrology in regions like the Northern Great Plains, where most
of the annual discharge comes from the spring melt of snow and rainfall. Additionally, accurate
snowmelt timing models can help the mitigation of floods (Fig. 6).
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Figure 6. Snowmelt days calculated by comparing the snow cover on each pixel (Data source:
NASA EARTHDATA).
Remote sensing allows scientists to delimit and map snow cover, especially because of its
high reflectance value in the visible and near-infrared bands (Fig. 7). The reflectance value will
depend on the snow age and size. Snow might reflect 50 – 90% of the solar radiation based on its
age (Kuehnast, Baker and Zandlo 1982), and snow with large grain size has a lower albedo than
fine grain size (Warren 1982).

Figure 7. Reflectance value of soil, vegetation and snow (Source: Painter et al. 2009).
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Different techniques such as band ratios, supervised and unsupervised classifications and
manual digitization can be used for estimating snow cover. One of the most used techniques in
remote sensing of snow is the Normalized Difference Snow Index (NDSI) proposed by Hall, Riggs
and Salomonson (1995). This technique exploits the ratio between snow’s high reflectance and
strong absorption in the visible (VIS) and shortwave infrared (SWIR) sections of the
electromagnetic spectrum (Eq. 1).
Band(VIS)−Band(SWIR)

NDSI = Band(VIS)+Band(SWIR)

(1)

Fractional Snow Cover (FSC) is the percentage of a surface covered by snow. The
SNOWMAP algorithm applied to satellite remote sensing images is available online at the NASA
MODIS webpage and estimates the FSC based on the NDSI (Eq. 2; Riggs et al. 2015).
FSC = (1.45 × NDSI – 0.01) ×100

(2)

Another method to get FSC is using the MODIS Snow-Covered Area and Grain
Size (MODSCAG) model presented by Painter et al. (2009). The MODSCAG model uses MODIS
visible through SWIR spectrum data to retrieve accurate FSC while the NDSI underestimates the
snow cover (Shreve, Okin, and Painter 2009).
Satellite remote sensing of snow cover presents some limitations. One of the most
important is the presence of clouds. The high reflectance values of clouds and snow create
challenges for monitoring snow cover (Dozier 1984) and FSC (Bales et al. 2008). Snow mapping
at the Northern Hemisphere between November to April can have an error of 8%, without
considering error caused by cloud cover (Hall et al. 2001). Other limitations include pixel size and
temporal resolution. For example, Landsat imagery, the most commonly used remotely sensed
data set, provides images with a pixel size of 30m x 30m and a temporal resolution of 16 days
13

since the 1970s (Paul et al. 2016). Also, a Moderate Resolution Imaging Spectroradiometer
(MODIS) image has a pixel size of 500m x 500m; when a MODIS pixel that is partially covered
by 50% or more of snow is used for mapping, it will be considered as fully snow covered,
overestimating the real value (Hall et al. 2002).
Niedzielski, Spallek and Witek-Kasprzak (2018) used Unmanned Aerial Vehicles (UAV)
to map snow cover with a better resolution than satellite images. After performing an unsupervised
classification, they found that the main cause for snow underestimation was shadows. Also, they
stated that the impact of shadows is stronger in the red band and lower in the blue band.
3.4 Fractional snow cover and near surface remote sensing
Aschenwald et al. (2001) used georectified high oblique images to analyze mountainous
terrains. They stated that satellite images have a coarse resolution and orthoimages are expensive.
Corripio (2004) estimates snow albedo in a mountainous area by analyzing oblique images. He
explains the steps to follow in order to perform a georectification of these images. The result is an
estimation of albedo with 2.2% error caused by geolocation issues. The use of this land-based
remote sensing tool is suggested, especially in snow cover because of the high snow reflectance
value (Corripio et al. 2004)
Snow cover in a mountainous environment was automatically monitored by Hinkler et al.
(2002) with orthoimages generated from georectified oblique images. They used a fictitious
middle-infrared (MIR) band and RGB average to calculate the NDSI, that they called RGBNDSI.
The results allowed for comparison with snow cover characteristics between 1998 and 1999 in the
Zackenbergdalen Valley of Greenland. Buus-Hinkler et al. (2006) applied RGBNDSI to quantify
snow cover and find a relationship with NDVI.
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In the Alps and Apennines, webcam images have been used to monitor snow for tourism
purposes, taking images hourly during several years. Salvatori et al. (2011) developed SnownoSnow software to process oblique images. The software filters the images to smooth them and
then applies a threshold in the first local minimum above 127 in the blue band histogram to map
snow cover. Pixels with values greater than 127 are classified as snow. Also, the software uses
Corripio’s method to georectify the images and estimates the snow cover area. The software
allowed monitoring of daily variations during ten years of snow cover with an error of 1% (Valt
et al. 2013).
Photo Rectification And ClassificaTIon SoftwarE (PRACTISE) V.1.0 rectifies and
classifies oblique terrestrial images. The software georectifies the image adding one Ground
Control Point (GCP) to Corripio’s method. Then, the snow cover is calculated from the filtered
blue band. The classification can be perform in two different ways. The first method applies
directly the threshold to the blue band histogram. The second method uses the pixels from the blue
band that have a maximum difference value of ten with the red and green band. Both classification
methods have an error lower than 5% in absence of shadows (Härer et al. 2013). Härer, Bernhardt
and Schulz (2016) added to PRACTISE V.1.0 the Principal Component Analysis (PCA) to
improve the snow classification in areas with shadow in PRACTISE V.2.1. Both techniques were
used to evaluate standard and wide-angle lens webcams Root Mean Square Error (RMSE). The
standard lens webcam show a lower error of 14.1 m against 36.3 m of the wide-angle (Portenier et
al. 2019).
Arslan et al. (2017) developed the Finnish Meteorological Institute Image Processing Tool
(FMIPROT), which allows for monitoring of FSC and snow depth automatically in the Finland
forest. FMIPROT applies Corripio’s method and the blue band threshold to create the snow cover
15

map. The tool presented some issues with snow misclassification caused by shadows and
vegetation blocking the field of view. Also, FMIPROT estimates vegetation indexes allowing the
user to perform multiple analyses (Tanis et al. 2018).
FSC estimated from oblique terrestrial images mainly incluides two parts:
orthorectification and classification. Snow classification based on the blue band threshold is shown
to be reliable compared with different satellite snow products, even when it has issues related to
poor sun light and the presence of shadows (Salzano et al. 2019).
Moreover, near surface images show potential for monitoring events related to snow and
glaciers. Daily oblique images were used to monitor events such as rainfall that cannot be seen in
satellite images (Laffly et al. 2012) and to monitor snow dynamics in glaciers (Bernard et al. 2013).
Most studies using PhenoCam images are related to plant phenology, but there are two
PhenoCam studies related to snow cover. The first analyzes the day of the year when snowmelt
starts and ends and how this influences the beginning of the growing season. Julitta et al. (2014)
estimate snow cover based on K-means unsupervised classification. The second study uses 133
cameras of the PhenoCam Network and classifies the images using convolutional neural network
and crowdsourcing to improve automated monitoring of snow cover over large geographic regions
(Kosmala, Hufkens and Richardson 2018).
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CHAPTER IV
METHODOLOGY
As discussed previously, oblique images have been widely used for monitoring phenology
of plants and snow cover. This chapter describes the steps followed to create an algorithm for
estimating Fractional Snow Cover (FSC) in grasslands on a flat terrain in eastern North Dakota.
Also, described are the workflow and accuracy assessment of the algorithm.
4.1 Data
The PhenoCam at the Oakville Prairie Biology Field Station is a Type I (highest quality
camera among the PhenoCam Network). The StarDot NetCam SC has a 5-megapixel resolution
and records images every 30 minutes between 04:00 and 23:30 LST (PhenoCam 2020). There are
two types of images: 1) the Red, Green and Blue (RGB) image, and 2) the monochrome RGB +
Near-Infrared (MoNIR) (Fig. 8). Both are taken at nearly the same time and the entire archive of
images for Oakville Prairie, as well as all other PhenoCam Network systems, are available online
free of cost (for Oakville, see: https://phenocam.sr.unh.edu/webcam/sites/oakville/).
I selected images between 10:30 a.m. and 12:30 p.m. CST to reduce solar illumination
variations during the months that show snow presence; the majority were taken at 11:30 a.m. A
total of 1,712 images were downloaded: 856 RGB images and 856 Monochromatic RGB+NIR images.
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(a)

(b)

(c)

Figure 8. (a) PhenoCam at the Oakville Prairie Biology Field Station, (b) Red, Green & Blue
image, (c) MoNIR images through the year.
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4.2 Band validation
Previous work used the blue band to calculate FSC. Salvatori et al. (2011) applied a
threshold in the first local minimum above 127 in the blue band histogram to map snow cover. In
addition, they selected the blue band after processing the three bands separately and got similar
values.
The first part of this project was to validate the bands used. The oblique images from
Oakville usually have a panel, a pole, information (name, date, and hour) and the sky. I calculated
the average of the brightness of each band for all the images. This allowed me to understand which
bands were more affected by snow and by vegetation (Fig. 9).

Figure 9. Area used to calculate average of each band.
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4.3 Image validation
A total of 38 images were selected representing 11 categories of FSC (0%, 10%, 20%,
30%, 40%, 50%, 60%, 70%, 80%, 90% and 100%) for four periods of time (the winter seasons of
2015-2016, 2016-2017, 2017-2018 and 2018-2019). Also, three images with sastrugi present were
selected. The images were tested in four different scenarios for calculating the FSC.
4.3.1 Blue (B) band threshold
Pixels with DN values greater than or equal to 127 were classified as “snow”, and pixels
with lower values were classified as “no-Snow” (Fig. 10).

Snow

# OF PIXELS

No-snow

INTENSITY

Figure 10. Threshold applied to the blue band histogram, values greater than 127 are classified as
snow and lower values are no-snow.

4.3.2 Monochromatic RGB+NIR (MoNIR) threshold
The second scenario selects as snow all the pixels with DN values greater than or equal to
127 in the MoNIR band. Depending on the land cover and the sunlight, the reflectance value may
show differences for each band histogram (Fig. 11).

20

BLUE

(a)

MoNIR

(b)

BLUE

MoNIR

INTENSITY

Figure 11. (a)Dry grassland, (b) Green grassland and their blue and MoNIR histograms.

The third and fourth scenarios exploited the relationship between MoNIR and the Blue (B)
band calculated as:
Shadow =

MoNIR− B
MoNIR+B

× 100

(3)

The values considered as shadow are between -80 and 20. These are selected and used in
the next two scenarios.
4.3.3 Blue (B) band threshold + Shadow:
The selected values from Shadow are added to the B band selected pixels in the first
scenario.
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4.3.4 MoNIR + Shadow
The fourth scenario adds the pixels from shadow to the pixels from scenario two. The
classified images were validated using the Accuracy Assessment tool in ArcGIS 10.6, which
generates points for each class. For this study, I generated 50 points per image, 25 for each class
(snow or no snow). Then, I visually compared the selected points to the original image to generate
a confusion matrix between both classes.

4.4 Region of interest (ROI)
The ROI was delimited and measured on field, then the polygon was captured on a picture
and digitized. The area of the polygon was calculated using Heron’s formula. The ROI has a realworld area of 141.45 m2 and on images its area is 521,898 u2 (pixels) (Fig. 12).

Figure 12. Region of interest (ROI).
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4.5 Fractional Snow Cover algorithm
I

developed

the

algorithm

using

the

programming

language

Python

3

(https://www.python.org/doc/, 2020). The installation of three modules was required: OpenCV,
Matplotlib and URLLIB.
The PhenoCam takes pictures once every 30 minutes every day and sometimes records
elements that are not part of the study and that might cause some difficulties for the algorithm (Fig.
13). This is the reason that the algorithm is not completely automated. The user is asked to enter
the URL of the image that will be processed, allowing the user to select the best image for the
estimation.

Figure 13. Example elements captured by the camera that are not part of the study. These photos
would not be selected for submission to the algorithm.

Then, both images the RGB and MoNIR are downloaded and the processing starts. Each
band is isolated and the average DN is calculated. Also, the averages of the red, green and blue
images are calculated.
The Blue and MoNIR bands are normalized and a Gaussian filter with an intensity of five
is applied to their histograms. The Gaussian filter smooths the histogram curve by averaging pixels
(5x5); this process helps to correct high or low values considered as noise (Fig. 14).
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Figure 14. Image with noise, pixel values before and after the Gaussian filter.

The B and MoNIR bands are used to calculate the shadow part of the image. The values
between -80 and 20 are considered shadow. The next steps are based on decisions that the
algorithm takes using the previous data (Fig. 15).
i.

The images with MoNIR average (M) greater than 135 are classified using the MoNIR
band. The threshold value is the lowest between RGB average, M and 100.

ii.

The red band has higher values when there is no snow and lowest values with snow
presence, and this is inverse with the blue band. I calculated a ratio between B/R. When
the value is lower than one and B is lower than 90, a threshold of 127 is applied to the B
band.

iii.

When i & ii are false, a threshold is applied to the B band, whose value is the lowest among
RGB average, B and 100.

iv.

Steps i - iii produce an image with values of 0 (no snow) or 1 (snow). The new image is
masked with the region of interest (ROI) and the FSC is calculated.

v.

Sometimes, grassland has reflectance values as high as snow reflectance values. When the
FSC value is lower than 10, the FSC is recalculated using a higher threshold value of 165.
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vi.

Images with FSC between 10 and 60 do not have to pass to any other classification.

vii.

The values calculated with the shadow formula are added to the images with FSC higher
than 60, which is the final FSC value.

viii.

Finally, the FSC is saved with the name of the image as a text file.

(i)
(vii)
(ii)

(iii)
(vi)
(iv)

(v)

Figure 15. Image processing workflow.
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4.6 Accuracy assessment

The accuracy of the algorithm was calculated using the root-mean-squared-error (RMSE),
which compared the estimated FSC values with FSC values determined by two specialists in image
interpretation. The RMSE is calculated with the formula:

1
RMSE = √ ∑(FSC estimated − FSC observed)2
N

(4)

The RMSE was calculated for 2 periods: 2017-2018 and 2018-2019 in both cases from 1
October to 30 April. The first period has a total of 177 images and the second period 92 images.
All the classified images were acquired at 11:30 am except for two images with fog, which were
changed to images acquired at 12:00 and 12:30 of the same day.
Gathering observed FSC values required help from visual image interpretation and
PhenoCam experts outside the study. Both experts visually estimated FSC over the entire ground
surface imaged, and not just within the ROI. The visual estimates of FSC were provided as values
between 0 and 100%. It is important to mention the experts were instructed to estimate FSC at
10% intervals (0%, 10%, 20%...100%).
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CHAPTER V
RESULTS
5.1 Band validation
Red and blue reflectance are highly variable because of snow presence. When the ROI is
0% snow cover is considered 100% cover by grassland. The red band has higher values when the
images show vegetation and lower when there is snow present. This is in contrast to the blue band
that has lower values when there is no snow (Fig. 16).

Figure 16. Band reflectance variations with and without snow at the Oakville Prairie Biology
Field Station (December 3 & 5, 2017).
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The red and blue bands have different behaviors when there is no snow, but with snow
present, they have similar curves. I assumed that the ratio (B/R) could be used to differentiate
between snow and no-snow and used different threshold values in the B band image.
The ratio was compared with the experts’ Fractional Snow Cover (FSC) estimations. Figure
17 shows that in both cases the R2 is higher than 0.9, showing a strong relation between them.
Most of the cases, when FSC = 0, the ratio value is lower than 1.0.

Figure 17. Ratio (B/R) against FSC, Expert 1’s results on the left, and Expert 2’s on the right

5.2 Image validation
The blue band has accurate values when the snow cover (SC) is between 0 and 20%. This
is because the blue band has lower values when there is grassland in the images. Between 60%
and 100% MoNIR+shadow has the higher accuracy values, but they are not as high as expected.
In the algorithm, I decided to apply shadow when the FSC is greater than 60% because that is
when it showed better accuracy.
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The pixel misclassification was caused by many factors. At the beginning of the season,
grassland reflectance values are high in the red and MoNIR bands. During snow presence, there is
not a constancy in sunlight. When it is bright, there are more shadow areas and MoNIR and blue
band have different behaviors. Also, sastrugi caused misclassification because of the different
shadows that it produced. Table 2 summarizes the accuracy of the 44 images.
Table 2. Accuracy obtained for each scenario.
Scenarios
MoNIR
B+Shadow
0.661
0.674
0.795
0.843
0.765
0.835
0.865
0.815

SNOW COVER
0%
10%
20%
30%

B
0.827
0.867
0.841
0.825

MoNIR+Shadow
0.432
0.740
0.747
0.860

40%
50%
60%
70%
80%
90%

0.720
0.740
0.760
0.601
0.485
0.457

0.720
0.690
0.775
0.641
0.650
0.602

0.720
0.760
0.830
0.613
0.510
0.363

0.713
0.710
0.895
0.697
0.688
0.730

100%
SASTRUGI

0.591
0.673

0.738
0.876

0.741
0.692

0.913
0.916

AVERAGE

0.699

0.732

0.700

0.753

5.3 Fractional Snow Cover algorithm accuracy assessment
A total of 288 processed images were compared with visual estimations. These images are
part of the winter of 2017-2018 and 2018-2019. For the first winter, 184 images were processed
and a Root Mean Square Error (RMSE) of 3.43 and 7.08 was obtained, compared with Expert 1
and Expert 2, respectively. . In both cases, the RMSE is less than the resolution at which the
experts were asked to estimate FSC. The second winter has 104 images and the RMSE were 7.01%
and 14.71% (Table 3). The estimated FSC is closer to the experts’ values, as they both present
similar curves (Fig. 18)
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Table 3. FSC algorithm RMSE.
PERIOD
2017-2018

2018-2019

# IMAGES

288

184

104

RMSE 1

5.02

3.43

7.01

RMSE 2

10.32

6.66

14.71

FSC

FSC

2017-2019

Figure 18. Algorithm-derived FSC estimation comparison with estimated FSC values by two visual image interpretation experts
(EXP_1 and EXP_2) over two winters.
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During the winter of 2015-2016, 203 days were evaluated. The first snow was 1 December
and 91 days there was greater than 1% of snow cover and 110 days have 0 FSC. The last snowfall
event was 17 March.
The winter of 2016-2017 had 175 images. The first snow was 22 November and the next
102 days had snow present. At the end of the season, two snowfall events occurred on 23 and 27
April.
The winter of 2017-2018 had 184 images. This winter was different to the other winters in
the study period because it had two snow periods. The first period was from 3 November to 23
November. Then, the snow melted for 10 days, and on 5 December, the Oakville prairie was again
covered by snow for 132 consecutive days, before it took just three days to melt entirely.
The winter of 2018-2019 had one snowfall at the beginning and one at the end of the season.
For this winter a total of 104 images were processed. The first snowfall was 10 October then, it
melted and the next event was after 22 days. The snow melted on 1 April but there were two days
with snow cover on 12 and 13 April.
The winter of 2019-2020 has 190 images. This period had 64 snow-free days and three
snowfall events before it was covered with snow for 110 consecutive days. At the end of the season
on 3 April, there was a snowfall that remained on the grassland for 7 days.
Figure 19 shows the five years of the estimated FSC. There was not a pattern in the FSC at
the Oakville Prairie. Except for the winter of 2017-2018, the majority of winters showed snowfall
events at the beginning and at the end that remained for a couple of days.
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Figure 19. FSC for the winters of 2015-2020 at the Oakville Prairie Biology Field Station. Blank
spaces on the graphs related to periods of missing data (camera did not operate or there were no
suitable images).
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CHAPTER VI
DISCUSSION

I presented a semi-automatic procedure to obtain the FSC in grassland cover, highlighting
the potential of the PhenoCam at the Oakville Prairie Biological Station. All the findings are
exclusive for this land cover and for winter weather conditions. Despite the use of just the blue
band in previous research, I focused on the other spectral bands that could improve the FSC
estimation. Also, assuming that there is no change in elevation, I did not use a Digital Elevation
Model (DEM) to georeference the image and calculate the total area.
One of the main reasons for the need of this high temporal resolution data is the variability
of snow cover. It takes one day to go from 0 to 100 FSC and sometimes less than five days to
completely melt (Fig. 20).

100
2019/10/12

97

94

4

0

2019/10/13

2019/10/14

2019/10/15

2019/10/16

Figure 20. Snow melting and its respective FSC among five days at the Oakville Prairie
Biology Field station.
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Salvatori et al. (2011) mentioned the use of the blue band because the three bands have
similar behaviors in mountainous regions. Figure 21 shows that in separate cases of 100% FSC the
three bands have different histograms that could be related to sunlight. I highlight that previous
studies did not have MoNIR band and implementing this in my study allowed me to have fewer
cases of misclassification because of shadows.

IMAGE

RGB

Figure 21. Histograms of RGB and MoNIR.
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MoNIR

Furthermore, previous studies used as the minimum value 127 in the blue band because
they found that areas with snow cover, in the blue channel, have a value greater or equal to 127.
In this research, I used the blue/MoNIR average and if these values are greater than 100, the
threshold value is 100. Figure 22 shows that in this region the blue channel value, when there is
snow present, is greater than 80. The difference between these values show that depending on the
region (mountainous or a valley) and the land cover (forest, grassland, etc.) the blue channel will
have a different behavior.

Figure 22. Blue channel values with different Fractional Snow Cover.

One of the biggest issues related to the FSC from near-surface remote sensing is shadows.
These can create misclassifications and significantly decrease accuracy. The use of the MoNIR
band helps to improve the classification (Fig. 23).
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a

b

c

Figure 23. (a) Image in RGB, (b) FSC with shadow misclassification, (c) FSC adding the shadow
pixels.
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CHAPTER VII
CONCLUSIONS

This research uses PhenoCam images in a semi-automatic way to estimate FSC at a site
within the Oakville Prairie Biological Field Station, showing that the capabilities of the images are
not only limited to monitor vegetation phenology. The results validated with two experts have an
average RMSE of 5.02% and 10.32%. The number of cameras of the PhenoCam Network make it
possible to provide FSC estimates over the entire country, generating a database that can be used
to validate and complement satellite data.
Most of the images are classified using the blue band, but thanks to the MoNIR band the
algorithm recognizes darker areas (shadows) and also, some days when the blue band has a low
reflectance value, the MoNIR band showed that it can be used to classify snow cover. Not all the
cameras from the PhenoCam Network have the MoNIR band; these sites can use the blue band to
estimate the FSC.
I found it interesting how snow presence affects indices such as NDVI, EVI or GCC.
Estimating FSC with near-surface remote sensing helps to generate a variable that allows
monitoring vegetation phenology indices during the winter season. Instead of not using images
because of snow, researchers can give the value of NDVI, EVI or GCC considering the FSC and
show more accurate results.
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During the study period (2015-2020) there is not a pattern in the FSC in this area. Some
years the first snowfall is on 1 December and other years is on 9 October. The same happened
with the snowmelt; in 2016 the last day with snow present was on March while other years have
their last snowfall in April. FSC is a parameter that depends on snowfall, temperature, energy flux
and their anomalies.
Some limitations of this research were the field of view, the oblique view and the vignetting
effect; all of these are related to the sensor. The field of view, which determines the area in the
image, compared with other sensors is small. The oblique view generates pixels that represent
different real sizes, the closer the pixel the smaller the area represented. Vignetting happens when
the borders of the image have darker colors compare with the center of the image.
Other limitations are external factors like weather conditions, land cover and presence of
objects out of the study. on a sunny day, the colors are brighter, but there are also more shadows,
and on cloudy days the images have low contrast. Blizzards and fog decrease the visibility, and
strong winds generate sastrugi. The land cover at the Oakville prairie is grassland, which during
the senescence period has a golden color and sometimes is as bright as snow creating
misclassification. The Oakville prairie is an open field and it is normal to see animals in the
pictures, mostly birds.
Internal and external factors created challenges in this research. The semi-automatic
algorithm was able to process images with the internal factors problems. The external factors are
only avoided at the beginning of the process during image selection.

50

Fractional snow cover is an important parameter that has to be monitored. The use of
PhenoCam images and Python language, both free, allow researchers to keep developing scripts
and to improve the existing work. This research was focused on grasslands; future work should
explore the PhenoCam Network and work with other land covers and different latitudes.
Furthermore, future work must include the relationship between FSC and other parameters, such
as positive and negative feedbacks related to climate change, beginning and end of the growing
season, and soil temperature and moisture.
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